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A1 OVERVIEW

In this appendix, a theoretical explanation and more
experimental results are provided, including:

• a theoretical explanation of the composite generator
(Section A2);

• some illustrative examples from the APDrawing
dataset (Section A3);

• more qualitative results that compare APDrawing-
GAN++ with seven state-of-the-art style transfer
methods: Gatys [1], CNNMRF [2], Deep Image Anal-
ogy [3], Pix2Pix [4], CycleGAN [5], Headshot Por-
trait [6] and APDrawingGAN [7] (Section A4);

• more details of the user study (Section A5);
• more details of the ablation study (Section A6);
• comparison of our training strategy with an alterna-

tive mixed training strategy (Section A7).

A2 THEORETICAL EXPLANATION OF COMPOSITE
GENERATOR

Our composite generator G defines a mapping gθ : Z → X ,
where Z is the latent space in which the input face photos
are embedded with random perturbations1, X is the data
space containing all portrait drawings, and θ denotes the
set of parameters in the generator.

Our key observation is that artists usually draw different
facial parts using different drawing techniques, e.g., eyes
are drawn with fine details and hair is drawn with curves
and flows. Accordingly, the APDrawing data of the same
person lies in multiple disjoint manifolds of possibly differ-
ent dimensions and we denote this manifold clustering as

• R. Yi, M. Xia, Y.-J. Liu are with BNRist, MOE-Key Laboratory of Per-
vasive Computing, the Department of Computer Science and Technology,
Tsinghua University, Beijing, China. Y.-J. Liu is the corresponding author.
E-mail: liuyongjin@tsinghua.edu.cn.

• Y.-K. Lai and P.L. Rosin are with School of Computer Science and
Informatics, Cardiff University, UK.

1. This is due to the randomness introduced in the dropout layer at
test time.

M = {M1,M2, · · · } ⊂ X , in which any two data manifolds
Mi and Mj are disconnected2.

Define the probability density function pz : Z → R for
the distribution of face photos embedded in the latent space,
and the probability density function px : X → R for the
distribution of APDrawing data that we want to learn. Note
that px satisfies that the value outside the target manifold
clusters M is 0, i.e. the support of px satisfies

supp(px) , {x ∈ X | px(x) 6= 0} ⊆M (1)

The distribution function µ on Z can be derived from pz ,
i.e., for an arbitrary subset U in Z ,

µ(U) =

∫
U
pz(z) dz (2)

Similarly, the distribution function ν on X can be derived
from px.

The generator G is optimized via a minimax process and
the goal is to find a proper θ so that gθ#µ = ν, where
gθ#µ stands for the push forward of µ by gθ [8]. I.e., for
an arbitrary subset V in X ,

gθ#µ(V ) , µ(g−1θ (V )) = ν(V ) (3)

where g−1θ is the inverse mapping of gθ , and g−1θ (V ) is a
subset in Z (refer to Fig. A1).

Here we show that a single generator cannot learn such
a proper θ that satisfies gθ#µ = ν. Therefore, designing a
set of multiple generators like our G is necessary. In this
study, we follow [9] to assume that all face photos of the
same person lie in a low-dimensional manifold. Since these
face photos lie in a single manifold, the probability density
function pz is non-zero on the whole latent space Z ; in other
words, the support of pz is the whole Z . Now we consider a
special case, in which the manifold cluster M contains only
two disconnected manifolds M1 and M2. We have

Theorem 1. Let pz, px be the probability density functions on
Z, X respectively, and satisfy supp(pz) = Z, supp(px) ⊆

2. Note that the condition Mi ∩Mj = ∅ alone cannot guarantee that
Mi and Mj are disconnected, e.g., in R2, the manifold sin 1

x
and x = 0

are connected, but their intersection is empty. On the other hand, if two
manifolds are disconnected, their intersection is also empty.
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Fig. A1. The proof of Theorem 1.

M = M1 ∪M2, supp(px) ∩M1 6= ∅, supp(px) ∩M2 6= ∅.
Let µ, ν be the distribution functions corresponding to pz, px,
respectively. Then there does not exist a Lipschitz continuous
function3 gθ : Z → X that makes gθ#µ = ν.

Proof. We prove this theorem by contradiction. Assume that
there exists such a Lipschitz continuous function gθ with
which gθ#µ = ν. For a subset V in X that satisfies V ∩
supp(px) = ∅, from the definition of supp(px), we have ∀x ∈
V, px(x) = 0, thus gθ#µ(V ) = ν(V ) = 0, i.e.,

µ(g−1θ (V )) = 0⇒
∫
g−1
θ (V )

pz(z) dz = 0 (4)

Since supp(pz) = Z , g−1θ (V ) is a zero set4 in Z . For the com-
plement set of supp(px) in X , (X \supp(px))∩supp(px) = ∅,
thus g−1θ (X \ supp(px)) is a zero set in Z .

Since gθ is Lipschitz continuous, we have g−1θ (X −
supp(px)) = ∅. Then gθ is a function from Z to M =
M1∪M2, i.e. gθ : Z →M1∪M2. Since a continuous function
maps a connected set to another connected set, but M1∪M2

is not connected, this leads to a contradiction.

A3 ILLUSTRATIVE EXAMPLES IN APDRAWING
DATASET

In Section 6 of the main paper, we present the construction
of the APDrawing Dataset, which contains 140 pairs of
face photos and corresponding portrait drawings, with all
portrait drawings were drawn by a single professional artist.
Figure A2 shows examples of four pairs. More examples are
illustrated in Figures A5-A17, i.e., the pair is in the format
of (input photo, ground truth).

A4 MORE QUALITATIVE RESULTS

In Section 7.1.1 of the main paper, we compare APDraw-
ingGAN++ with seven state-of-the-art style transfer meth-
ods: Gatys [1], CNNMRF [2], Deep Image Analogy [3],
Pix2Pix [4], CycleGAN [5] , Headshot Portrait [6] and AP-
DrawingGAN [7].

To make this appendix self-explainable, we repeat here
the comparison method in the main paper. For methods

3. We consider the Lipschitz continuous functions here due to the
existence of ReLU, leaky ReLU and tanh functions in our network.

4. A zero set is a set with zero Lebesgue measure.

Fig. A2. Four examples of image pairs (each pair contains a face photo
and an artist’s portrait drawing) in our APDrawing dataset.

Fig. A3. A screenshot of the website for user study.

that take one content image and one style image as input,
i.e., CNNMRF, Deep Analogy and Headshot Portrait, we
randomly select a style image in the training set. Gatys’
method [1] by default takes one content image and one style
image as input. But for fair comparison, we use all the style
images in the training set and compute the average Gram
matrix to model the target style as in [5]. For CycleGAN,
Pix2Pix and APDrawingGAN, we use the same training
data as APDrawingGAN++ and default parameters to train
the models.

The qualitative results on all test data are illustrated
in Figures A13-A17. We also test our trained APDrawing-
GAN++ on arbitrary collected face photos which do not
have ground truth artist’s drawings, and the qualitative
results are illustrated in Figure A18. These results show that
APDrawingGAN++ consistently generates high-quality and
better APDrawings than other methods.

A5 MORE DETAILS IN USER STUDY

In Section 7.1.2, we present a user study to compare Cycle-
GAN [5], Pix2Pix [4], APDrawingGAN [7] and APDrawing-
GAN++. Here we present the detail of setup and experimen-
tal procedure in this user study.



ACCEPTED BY IEEE T-PAMI 3

Source Ground Truth Stylized 1 Stylized 2

Fig. A4. Three checkpoints. (zoom in to see more details.) In checkpoints
in the 1st and 3rd row, the stylized drawing on the left is obviously better
than the right. In the checkpoint in the 2nd row, the stylized drawing on
the right is obviously better than the left.

A5.1 Experimental Procedure

All 70 test pairs in the APDrawing dataset were used in
the user study. For each face photo, four stylized drawings
were automatically generated by CycleGAN, Pix2Pix, AP-
DrawingGAN and APDrawingGAN++. Then each image
pair was expanded to a group of six images: one original
face photo, one ground truth APDrawing, and four artificial
stylized drawings. In a total of 70 groups of images, 10
groups were randomly assigned to each participant. Each
time the original face photo and two stylized drawings
were shown on the screen side by side. The participant
can hover the mouse over each stylized drawing and the
enlarged drawing will appear in the bottom for a detailed
comparison with ground truth side by side. After checking
the detail of each of two stylized drawings and comparing
them with the original face photo and ground truth, the
participant chose the one that was better as a masterful
APDrawing based on style similarity and quality (clearer
outline of facial features, less messy lines etc). See Figure
A3 for a screenshot. For four stylized drawings in an image
group, any two of them, i.e., (CycleGAN, Pix2Pix), (Cycle-
GAN, APDrawingGAN), (CycleGAN, APDrawingGAN++),
(Pix2Pix, APDrawingGAN), (Pix2Pix, APDrawingGAN++)
and (APDrawingGAN, APDrawingGAN++), were shown
once.

A5.2 Quality Control

To avoid unreliable input such as random selection, we
add checkpoints in the process of the user study to control
the quality of user input. We use three special pairs of
stylized drawings with obvious preference as checkpoints
(Figure A4). These three pairs randomly appeared in the
process of user study. According to our preparatory ex-
periments, participants with high concentration can easily
choose the obviously better drawing, while those who just
randomly select drawings are likely to fail in at least one

checkpoint input. We discard the user input if one or more
checkpoints failed.

A5.3 Result Analysis
102 participants were recruited in this user study and 87 of
them passed all the checkpoints. We performed statistical
analysis on the valid inputs of these participants in three
aspects.

First, we figure out the best ranked drawing from the
four stylized drawings in each image group. For example,
if A is ranked better than B, A is better than C and A is
better than D by a participant, then the best result in (A,
B, C, D) is A. If no single result is better than all three
others, the votes of this participant for this image group are
discarded. From all votes in 87 valid inputs, we compute
the percentages that the four methods (CycleGAN, Pix2Pix,
APDrawingGAN and APDrawingGAN++) are ranked best
respectively. The ranking results are summarized in Table 1
of the main paper. We also compute the percentage of
each method being preferred in pairwise comparison and
summarize the results in the same table. The results in the
main paper show that APDrawingGAN++ is much better
than the other three methods.

Second, we conduct analysis of variance (ANOVA) for
pairwise comparisons on ranked best percentage and pre-
ferred percentage. Pairwise ANOVA results are shown in
Table 2 of the main paper. All of the p-values are � 0.01,
justifying that the rejection of the null hypothesis and the
differences between the means of our method and either
method (Pix2Pix, CycleGAN or APDrawingGAN) are sta-
tistically significant.

Third, we investigate the improvement of APDrawing-
GAN++ over APDrawingGAN on dark faces. We concen-
trate on the pairwise comparison of (APDrawingGAN, AP-
DrawingGAN++) and find that APDrawingGAN++ wins
in this comparison in 77.67% of cases for dark faces and
74.69% of cases for light faces. This justifies that histogram
matching augmentation in APDrawingGAN++ is useful for
correcting dark faces that cannot be dealt with well by
APDrawingGAN.

A6 MORE INGREDIENTS IN THE ABLATION STUDY

In Section 7.2 of the main paper, we present an ablation
study on:

• some key ingredients of APDrawingGAN++, includ-
ing local networks, line-promoting DT loss LDT and
initialization using the model pre-trained on the NPR
data; and

• major differences between APDrawingGAN++ and
APDrawingGAN, including auto-encoders, lip and
hair classifiers, DT nonlinear mapping, and his-
togram matching augmentation.

Here we present the study on more ingredients.

A6.1 Loss Function
There are four terms in the loss function of APDrawing-
GAN++ (refer to Eq.(1) in the main paper). In addition
to LDT (studied in Section 7.2 of the main paper), we




